Abstract-Many wearable inertial systems have been used to continuously track human movement in and outside of a laboratory. The number of sensors and the complexity of the algorithms used to measure position and orientation vary according to the clinical application. To calculate changes in orientation, researchers often integrate the angular velocity. However, a relatively small error in measured angular velocity leads to large integration errors. This restricts the time of accurate measurement to a few minutes. We have combined kinematic models designed for control of robotic arms with state space methods to directly and continuously estimate the joint angles from inertial sensors. These algorithms can be applied to any combination of sensors, can easily handle malfunctions or the loss of some sensor inputs, and can be used in either a real-time or an off-line processing mode with higher accuracy.
I. INTRODUCTION
I NERTIAL sensors have been widely used in many applications in the aerospace, marine and automotive fields. These sensors are used in flight stabilization of aircrafts and rockets, in ship navigation and stabilization, and in vehicle stabilization and rollover prevention systems. The sensors include, but not limited to, accelerometers which can used to measure the acceleration of the motion in addition to the gravity, and gyroscopes to measure angular velocities.
In recent years, advances in miniature devices led many researchers to utilize wearable inertial sensors to capture human movement in and outside of a laboratory. We propose that wearable devices with inertial sensors can be used to continuously estimate human joint angles by combining robotics kinematic models with state space methods. This has the potential to make it substantially easier for physicians to monitor the degree of motor impairment and to examine patients response to therapy during continuous monitoring.
A number of clinical applications of these inertial devices have emerged recently. Akay et al. used acceleration signals to characterize body motion in healthy elderly subjects and post-stroke patients [1] . Hester et al. used wearable sensors to measure motor abilities in post-stroke patients [2] . They attached accelerometers to the most affected arm and trunk while subjects performed multiple repetitions of tasks. Acceleration data were processed and segmented by a threshold parameter to detect movement patterns related to clinical scores of motor ability.
Another application of inertial sensors is monitoring daily life activities to study the effect of certain therapies. In these studies, accelerometers are used to measure and identify a set of tasks that vary according to the clinical application. Using two uniaxial accelerometers, Veltink et al. were able to distinguishing simple postural positions such as standing, sitting, and lying [3] . Ravi et al. used a single triaxial accelerometer worn near the pelvic region to recognize activities such as standing, walking, running and climbing stairs [4] .
Another application of inertial sensors involves assessment of motor symptoms in patients with Parkinson's disease (PD). Several studies have shown that motor symptoms of Parkinson's disease (PD) such as bradykinesia, tremor and gait can be accurately measured with inertial sensors during a clinical assessment. Dunnewoldet al. quantified bradykinesia using the magnitude of total acceleration of biaxial accelerometers attached to the wrist of the most affected side [5] . To quantify bradykinesia and tremor, Salarian et al. used triaxial gyroscopes attached to the wrists in clinical studies during normal daily activities [6] - [8] . To measure gait in PD patients, Salarian et al. used uniaxial gyroscopes [7] , [9] .
Other studies successfully used inertial sensors to measure dyskinesia in patients with PD during clinical assessment [10] - [13] . Burkhard et al. used gyroscopes to collect data from both hands of patients with dyskinesia while they performed a mental task. Hoff et al. used four biaxial accelerometers on the wrist, upper leg, trunk, and upper arm of the most affected side to distinguish dyskinesia from normal movement. To detect dyskinesia, Keijsers et al. used a neural network and data from triaxial accelerometers placed on the wrists, upper arms, trunk, and the legs of patients. The patients were asked to performed daily life activities such as reading a newspaper, walking, and washing hands for periods up to 3 hours.
In most of the above applications, researchers use the raw data from the sensors to calculate some important metrics according to the application. For example, to calculate the orientation of body segment, researchers integrate the measured gyroscope data. However, integration drift makes it impossible to accurately determine body orientation for more than a few seconds. In recent research, investigators used sensor fusion techniques to reduce this integration drift [14] - [16] .
In this paper, we have combined kinematic models designed for control of robotic arms with state space methods to directly and continuously estimate the joint angles from inertial sensors. These algorithms can be applied to any combination of sensors, can easily handle malfunctions or the loss of some sensor inputs, and can be used in either a real-time or an offline processing mode with higher accuracy. 
II. THEORY
To establish a systematic method for biomechanically modeling human anatomy, researchers have implemented conventions for representing segmental links and joints. Human anatomy can be represented as a sequence of rigid bodies; links connected by joints. This series of links could be an arm, a leg, or any other human body functional mechanism.
In order to obtain a systematic method for describing the position and orientation of each pair of consecutive links, a method was proposed by Denavit and Hartenberg in 1955. The method is currently used to a great extent in the analysis and control of robotic manipulators [17] and has also been successfully applied in addressing human motion. The method is based upon characterizing the configuration between consecutive links; that of link i with respect to link (i − 1) by a (4 × 4) homogeneous transformation matrix representing each link's coordinate system. If each pair of consecutive links represented by their associated coordinate system is related via a matrix, then using the matrix chain-rule multiplication, it is possible to relate any of the links (e.g., the wrist) with respect to any other segmental link (e.g., the elbow or the shoulder).
To generate the (4 × 4) homogeneous transformation matrix between any two links of an arm, it is necessary to follow a convention in establishing coordinate systems on each link [17] . First, assign a base coordinate system as a reference; X 0 , Y 0 , Z 0 . Secondly, attach a coordinate system to each of the links extending out of the base; frame X i , Y i , Z i to link i. The convention is to align Z i with the axis of motion of the ith joint. Then establish X i along the common normal of Z i and Z i−1 and establish Y i to complete the coordinate system according to the right-hand rule. Finally, describe frame X i , Y i , Z i related to the previous using 4 × 4 homogeneous transformation matrix known as Denavit-Hartenberg (D-H) representation. This D-H representation depends on four parameters associated with each link. The first parameter is the link length a i which is the distance from Z i to Z i+1 measured along the X i axis. The second parameter is the link twist α i which is the angle from Z i to Z i+1 measured about the X i axis. The distance from X i−1 to X i measured along the Z i axis is known as the link offset d i . Th fourth parameter is the joint angle θ i and it is the angle from X i−1 to X i measured about the Z i axis.
A. Link Transformations
To relate the ith frame to its neighboring frame the (i − 1), we perform four transformations: 1) Rotate about X i an angle α i−1 to make the two coordinate systems coincide 2) Translate along X i a distance a i−1 to bring the two origins together 3) Rotate about Z i an angle θ i to align X i and X i−1 4) Translate along Z i a distance d i−1 to bring X i and X i−1 into coincidence Each of these four operations can be expressed by a basic homogeneous rotation-translation matrix and the product of these four transformation matrices yields a composite matrix i−1 i T , known as the D-H transformation matrix which defines frame i to its adjacent i − 1
where R x and R z are the rotation matrices about x and z-axis respectively, D x and D z are the translation matrices about x and z-axis respectively. multiplying out, we obtain the transformation matrix that defines frame i to its neighboring frame i − 1:
where cθ i = cos θ i and sθ i = sin θ i
B. Two joint angle tracker example
As an example, we present a model for forearm movement. This could be generalized to model the full arm movement. The elbow is represented as a 2-DOF joint. The wrist is where the sensors are placed and is considered fixed, therefore it is not included in the model. Craig [17] suggested that if a joint has n-DOF, it can be modeled as n joints of one DOF connected with n − 1 links of zero length. The 2-DOF model of the forearm is shown in Figure (1) . Frame 1 and 2 allow for flexion/extension and pronation/supination respectively. The distance d 2 from X 1 to X 2 about Z 2 is the length of the forearm l f . See Table I for the rest of the D-H parameters. 
C. Velocity and acceleration propagation from link to link
At any instant, each link of the arm in motion has some linear and angular velocity. The linear velocity is that of the origin of the frame. The angular velocity describes the rotational motion of the link. The velocity of link i + 1 is that of link i plus the new velocity component added by joint i + 1
Equation (3) made use of the rotation matrix which is the upper left 3 × 3 of D-H matrix in equation (2) to relate frame i to frame i + 1 in order to represent added rotational components due to motion at the joint in frame i. If we multiply both sides of the equation by i+1 i R, we can find the description of the angular velocity of link i + 1 with respect to frame i+1
The linear velocity of the origin of frame i + 1 is the same as that of the origin of frame i plus a new component caused by the rotational velocity of link i
i P i+1 is the position vector of the frame i + 1 and it is the upper right 3 × 1 vector of the D-H matrix. The angular acceleration from one link to the next is
(7) where the single and double dot notation is used to represent first and second derivatives with respect to time. The equations (4), (6) and (7) are part of what is known as Newton-Euler equations of motion which are a set of forward recursive equations that propagate linear and angular velocity and acceleration from the reference coordinate system to the last link where the sensors are (wrist).
To use these forward recursive equations, we need the rotation matrices. These matrices can be obtained by taking the transpose of the upper left 3×3 D-H transformation matrix in equation (2), and the D-H parameters shown in Table I .
T , where g is gravity.
III. STATE SPACE MODEL A typical device with inertial sensor has a three-axis gyroscope and a three-axis accelerometer such as the one shown in Fig. 2 . The state variables in this example are the position θ i (n), angular velocityθ i (n) and accelerationθ i (n), where i = {1, 2} for the 2 angles of rotation. The usual state-space form
where f n [·] and h n [·] are nonlinear state and observation equations, u(n) is a white noise process with zero mean, and v(n) is a white noise process with zero mean.
A. Process Model
The process model is given by
is the sampling interval.
B. Observation Model
The observation model is given by
Once the model is expressed in state space form, any of a variety of nonlinear state space estimation methods could be applied to estimate the state including the extended Kalman filter, unscented Kalman filter which is also called the sigmapoint Kalman filter, or particle filters and their variants.
To demonstrate an application of this new algorithm, we use the unscented kalman filter with synthetic data to verify the performance of the two angle tracker.
IV. RESULTS
The forearm joint angle tracking results are shown in Fig. 3 . The figure shows an example of synthetic data to track forearm movement. The solid lines represent five minutes of actual elbow flexion/extension and elbow supination/pronation angles. The dashed lines represent the corresponding angles estimated by the unscented kalman filter. It is seen that the algorithm tracks the angles very well. V. CONCLUSION In this paper we combined kinematic models designed for control of robotic arms with state space methods to directly and continuously estimate human joint angles from inertial sensors. We propose that these algorithms can be applied to any combination of sensors, can easily handle malfunctions or the loss of some sensor inputs, and can be used in either a real-time or an off-line processing mode with higher accuracy.
